Abstract-This paper introduces a new representation of hand motions for tracking and recognizing hand-finger gestures in an image sequence. A human hand has many joints, for example our hand model has 15, and its high dimensionality makes it difficult to model hand motions. To make things easier, it is important to represent a hand motion in a low dimensional space. Principle component analysis (PCA) has been proposed to reduce the dimensionality. However, the PCA basis vectors only represent global features, which are not optimal for representing intrinsic features. This paper proposes an efficient representation of hand motions by independent component analysis (ICA). The ICA basis vectors represent local features, each of which corresponds to the motion of a particular finger. This representation is more efficient in modeling hand motions for tracking and recognizing handfinger gestures in an image sequence. We will demonstrate the effectiveness of the method by tracking a hand in real image sequences.
I. INTRODUCTION
Recently, recognition of hand gestures and hand motion tracking has become an important issue in the field of human-computer interaction [1] - [7] . Many researchers tried or are trying to create a method by camera.
This paper presents an ICA-based approach for hand tracking. At first, PCA is applied to reduce the dimensionality, and then ICA is performed on the lowdimensional PCA subspace to get intrinsic feature vectors. Because the PCA basis vectors represent global features, it is difficult to represent the intrinsic features. In order to represent local features efficiently, we introduce ICA to represent the hand motions. ICA [8] is a way of finding a linear non-orthogonal coordinate system in any multivariate data. The goal is to perform a linear transformation which makes the resulting variables as statistically independent from each other as possible. ICA has been successfully applied to many applications of image analysis [9] and pattern recognition, such as face recognition [10] , sign-language classification [11] , color indexing [12] , classification of multi-spectral images [13] , and edge detection [14] . In the proposed ICA-based hand motion representation, the ICA basis vectors of hand motions correspond to the motions of a particular finger and they are statistically independent. The representation is very efficient at particle filtering, since we can directly use these basis vectors. Furthermore, a linear combination of these ICA basis vectors can actually represent any hand motions. We implement articulated hand motion tracking by particle filtering using ICA-based motion analysis and test our method in real image sequences. Experimental results show that our ICA-based approach is efficient for hand tracking. This paper is organized as follows: Section II describes related work. In Section III, we describe the representation of hand motions by PCA and ICA. Section IV presents the hand tracking by particle filtering and Section V presents experimental results. Conclusion is given in Section VI.
II. RELATED WORK
The hand tracking methods by camera can be divided into two categories. One is appearance-based, and the other is model-based.
In the appearance-based methods, mapping between image features and hand pose is established. Hand pose estimation is formulated as an image database indexing problem, where the closest matches for an input hand image are retrieved from a large database of synthetic hand images. Stenger et al. proposed a new framework for Bayesian tracking based on the tree representation of the large database, which is effective for tracking 3D articulated motions in front of cluttered background [1] . The problem with the appearance-based method is that it requires a very large database.
In contrast, the model-based methods use a deformable hand model. The pose of the current frame is estimated from the current image input and previous pose, which is implemented by particle filtering. Compared with the appearance-based method, the model-based method does not need to prepare a large database. However, particle filtering cannot handle high-dimensional searches efficiently. Zhou This paper proposes a new model-based method. The previous researchers [2] - [4] have reduced the dimensionality of hand pose space by PCA. Then they have learned basis motions in the PCA space. In contrast, we directly reduce the dimensionality of hand motion space by PCA. However, at our approach, it is impossible to use the PCA basis vectors for particle filtering, since the PCA basis vectors represent global features. To solve this problem, we propose to perform ICA to extract local features.
III. REPRESENTATION OF HAND MOTIONS

A. Hand Model
In our study, a human hand is rendered in OpenGL using spheres, cylinders, and rectangular parallelepiped. A human hand can be described in this way: the base is a palm and five fingers are attached to the palm. Each finger has four degrees of freedom (DOF). Two of four DOF correspond to the metacarpophalangeal joint (MP) and its abduction (ABD). The other two correspond to the proximal interphalangeal joint (PIP) and the distal interphalangeal joint (DIP) [5] . It is shown in Fig. 1 . Therefore, our hand model has 20 DOF.
B. Hand Motion Data
The data of hand motions is captured by a data glove. It is collected starting from the open-palmed, 5-fingers extended position, with the fingers moving to various combinations of touching the palm. Since a hand consists of five fingers, 31 different hand motions are captured as: 
where C means combination.
Angles of 20 DOF of 15 joints are measured. We divide the motion data of each DOF into 100 instants along the time axis. Then the motion of each DOF can be represented by a row vector of 100-dimensions. We arrange the thumb, index, middle, ring, and pinkie in order, where each finger consists of four DOF which are MP, PIP, DIP, and ABD in order as Fig. 2 . We define this 2000-dimensional row vector as a hand motion vector , 1, ,31
C. Constraints of Hand Motion
Analysis of hand motion is a task of high cost, because the joint angle space of hand is are generally not independent and they can be described as 2 3
from the study of biomechanics [3] .
D. Dimensionality Reduction by PCA
The purpose of PCA is to find a smaller set of variables with less redundancy. The redundancy is measured by correlations between data elements, i.e. 0 ( )
where P is the transformation matrix. Each row of P corresponds to the first several basis vectors, which are calculated from the sample data set using Singular Value Decomposition (SVD). 
x is the mean of the data set.
E. Representation of Hand Motion by ICA
Although PCA is efficient for dimensionality reduction, it has difficulty representing the intrinsic features, because its basis vectors represent global features. In order to solve this problem, we use ICA to represent hand motions. First, we perform PCA to reduce the dimensionality. Then we perform ICA to extract intrinsic features. ICA is a generalized technique of PCA and has proven to be an effective tool of feature extraction [10] - [14] .
A hand motion vector i 
where j u is the j-th independent basis vector and ij a is the j-th coefficient. Equation (3) can then be written as follows in matrix form:
where A is the mixing matrix, producing a matrix X with hand motion vectors in its row.
Because we want to obtain U from sample hand motions X alone, the problem is actually the Blind Source Separation (BSS) problem, which can be solved by ICA as ˆ= U WX . (5) The goal of ICA is to find the unmixing matrix W such that the rows of Û are as statistically independent as possible. Several ICA algorithms have been proposed. Here we use the infomax algorithm proposed by Bell and Sejnowski [8] , which was successfully used in face recognition by Bartlett et al. [10] . The approach is to maximize the joint entropy by using stochastic gradient ascent. The gradient update rule for the weight matrix W is as follow: Fig. 4 is the rendered hand motions along the ICA basis vectors. We can see that a hand motion along the PCA basis vector represents a global finger motion which means that fingers move together. Most of hand motions along the PCA basis vectors are unfeasible hand motions. In contrast, a hand motion along the ICA basis vector represents a local finger motion which corresponds to a particular finger motion. We can see that 
F. Efficient Representation of Hand Pose
The ICA-based model can represent a hand pose by five independent parameters, each of which corresponds to a particular finger motion at a particular time instant respectively. This is shown in Fig. 5 . It can also expressed formally as follows: 
4( ) 2( ).
HandPose ThumbMotion t IndexMotion t
MiddleMotion t RingMotion t PinkieMotion t
ICAbasis t ICAbasis t ICAbasis t ICAbasis t ICAbasis t
Thus, any hand gesture can then be represented by 5 parameters 1 2 3 4 5 , , , , t t t t t .
G. Justification of ICA
When we solve the blind source separation problem, we need to know the number of source signals. To verify the 5-dimension ICA basis is sufficient to represent the finger pose and motion, we use "leave-one-out crossvalidation". The result is shown in Fig. 6 . In the figure, the vertical axis indicates root mean square (RMS) error, and the horizontal axis indicates the number of the ICA basis vectors used to recover a hand motion data. The average of RMS error is plotted along the vertical axis. The error bars shows maximum error and minimum error.
The five ICA basis vectors are shown in Fig. 7 . ICA can be applied only if the independent components are "statistically independent" and also obey "non-gaussian" distribution. Here, the independent components are the ICA basis vectors. We calculate the covariance matrix of the independent components to verify statistically independent. The covariance matrix is Figure 5 . Each row represents the hand motion along the ICA basis vector. A hand pose is determined by five parameters t1-t5 which refer to time. The ICA basis 1 corresponds to a middle finger motion, the ICA basis 2 corresponds to a pinkie motion, the ICA basis 3 corresponds to an index finger motion, the ICA basis 4 corresponds to a ring finger motion, and the ICA basis 5 corresponds to a thumb motion. Figure 6 . Leave-one-out cross-validation on the hand motion data set. 
. (8) The covariance matrix is almost diagonal, which implies the independent components are statistically independent. In order to measure "non-gaussianity" of the resulting independent components, we calculate the kurtosis of each independent component. Since the kurtosis of gaussian distribution is equal to 0, we can measure "nongaussianity" by calculating the kurtosis. The normalized kurtosis [22] is defined as
The normalized kurtosis of the independent components is shown in Table I .
IV. HAND TRACKING BY PARTICLE FILTERING
A. Particle Filtering
The particle filtering algorithm [20, 21] , which is also called the CONDENSATION algorithm [19, 23] , is a sequential Monte Carlo method. The algorithm is powerful in approximating non-Gaussian probability distributions. Particle filtering is based on sequential importance sampling and Bayesian theory. With particle filtering, continuous distributions are approximated by discrete random sample sets, which are composed of weighted particles. The particles represent hypotheses of possible solutions and the weights represent likelihood.
There are three main steps in the algorithm: resampling, diffusion, and observation. The first step selects the particles for reproduction. During this step, the particles which have large weights are more likely to be selected. Heavy particles generate new ones, while light particles are eliminated. The second step diffuses particles randomly. Then the part of space which is more likely to have a solution has more particles, while the part of space which is less likely to have a solution has fewer particles. The third step measures the weight of each particle according to an observation density. Fig. 8 shows a pictorial description of particle filtering.
B. Generating Particles
We implement particle filtering for tracking articulated hand motions. According to the Bayes rule, the hand pose of the current frame t x can be estimated from the prior hand pose
where t z is the observation of the current frame. (13) and (14) . (14) Then the total dimensionality of t s is 11, including 5 for finger motion, 3 for translation, and 3 for rotation.
C. Observation Model
We employ edge and silhouette information to evaluate the hypotheses. For edge information, we employ the Chamfer distance function [1] . First, we perform canny edge detection to the input image. In the result image of edge detection, the edge pixels are black and other pixels are white. Then, at each pixel, we calculate the distance from each pixel to the closest edge point by using distance transformation. If the distance is over a threshold, the distance is set to the threshold. A distance map of the input image is obtained. Fig. 10 shows an example of the distance map. Then we project the edge of the OpenGL hand model onto the distance map. We add all distances along the edge points of the hand model, and calculate the average of distances. Then the likelihood from the edge information is the dimensionality. Then ICA is applied to obtain the ICA basis vectors.
We applied our tracking algorithm on real image sequences. In the experiment, we assume that the hand model is roughly matched with the hand at the first frame. Then our tracking algorithm automatically track hand motions. The hand model is manually initialized to fit finger length and palm size.
The experimental results demonstrate the effectiveness of our method by tracking hand in real image sequences. We show two experimental results in this paper. The video sequence is available from http://www.cvg.is.ritsumei.ac.jp/~kmakoto/. In the first experiment, we use 50 particles per frame. Fig. 12 shows some frames of video sequence. Fig. 13 shows some corresponding hand models. The second experiment includes some local finger motions including rock-paperscissors. We use 200 particles per frame. Fig. 14 shows some frames of the video sequence and Fig. 15 shows some corresponding OpenGL hand models.
VI. CONCLUSION
This paper proposed the ICA-based representation of hand articulation for tracking hand-finger gestures in image sequences. The dimensionality of the hand motion space is reduced by PCA and then ICA is applied to extract the local feature vectors. In the ICA-based model, each of the first five basis vectors correspond to a particular finger motion, because the joints in each finger have stronger dependencies than the joints across different fingers. In the ICA-based model, hand poses can be represented by five parameters with each parameter corresponding to a particular finger motion. We implemented articulated hand motion tracking by particle filter using this ICA-based hand model. Experimental results show that the ICA-based model is very useful for articulated hand tracking in image sequences.
The tracking by one camera has some limitations. One of the limitations is caused by occlusions. The other limitation is caused by extreme changes in rotation angle toward a camera. One solution to the problem is tracking by multiple cameras. 
